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Abstract

Forest carbon assessment requires methods that capture the combined effects of stand
structure, site conditions, carbon pools, operational emissions, and circular-economy pro-
cesses. This study aimed to develop and optimize hybrid machine learning models for
predicting the gross CO,e (carbon dioxide equivalent) balance of Polish forest stands using
measurable stand- and site-related variables. The research was based on a primary dataset
describing forest management in major Polish macroregions in 2020-2024. After data
cleaning and preprocessing, multiple machine learning algorithms, including ensemble,
boosting, neural, and hybrid models, were trained, validated, and tested. Model perfor-
mance was assessed using standard regression metrics, overfitting diagnostics, learning
curves, and SHAP (Shapley Additive Explanations). Most models achieved high predictive
accuracy, with six of ten algorithms reaching R? values above 0.90 on the test set. The
reduction in strongly correlated variables helped limit multicollinearity and excessive
overlap between predictors and the target variable, supporting a more reliable interpre-
tation of model performance. The CatBoost algorithm achieved the highest predictive
performance on the test set (R? = 0.948), while also recording the lowest root mean squared
error (RMSE = 152.242). However, the Decision Tree demonstrated the weakest general-
ization performance (R? = 0.806) on the test set. SHAP analysis identified tree height as
the most influential predictor, followed by tree age, number of trees, species composition,
and selected habitat features. The novelty of the study lies in integrating hybrid machine
learning, interpretable modelling, and circular-economy-related carbon balance compo-
nents into a single framework for rapid and operational forest carbon assessment in Polish
forest stands.

Keywords: ensemble methods; CatBoost; XGBoost; bioeconomy; greenhouse gas
sequestration; forest carbon assessment; Polish forest stands; sustainable forest manage-
ment; circular economy; carbon inventory; SHAP interpretability

1. Introduction

Forest ecosystems constitute one of the most important components of the terres-
trial carbon cycle because they simultaneously accumulate carbon in biomass, soil, and
deadwood. They also respond to climatic pressure, biotic disturbances, and management
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decisions in ways that vary markedly across space and time [1]. In recent years, however,
it has become increasingly evident that the general identification of forests as CO; sinks
(carbon dioxide) is insufficient for the purposes of contemporary climate policy and forest
resource management practice [2]. In reality, the capacity of forest stands to perform a
climatic function depends on multiple interacting factors, including species composition,
age, site productivity, water conditions, harvesting intensity, drought susceptibility, and
the scale of natural and anthropogenic disturbances [2,3]. Research conducted in Central
Europe further shows that even regions traditionally regarded as stable carbon sinks may;,
within a short period, weaken and become temporary sources of emissions under the
influence of drought, stand dieback, and increased sanitary felling [1]. Reliable assessment
of the forest carbon balance therefore requires a shift from simplified, static descriptions to
approaches that integrate ecosystem dynamics, forest management, and environmental
variability [2,3]. The development of remote methods and data analytics has also increased
the demand for models capable of rapidly and reliably estimating carbon stocks and emis-
sions. Such models should rely on variables measurable in the field and under operational
conditions, without repeated and costly direct biomass measurements [4].

The contemporary interpretation of the forest carbon balance must include not only
the carbon pool contained in living above-ground and below-ground biomass, but also
soil organic carbon stocks, temporal changes in those stocks, carbon flows into wood
products, and emissions associated with the harvesting, transport, and processing of
raw material [5]. The circular economy (CE) is a system aimed at reducing waste and
increasing the value of utilized resources [6]. In forest management, CE’s CO,e balance no
longer depends solely on the biological productivity of trees. It requires the integration
of technological and logistical processes throughout the entire supply chain to maintain
the value of biomass in the economy for as long as possible [7]. Research confirms that
the positive impact of forestry on the climate goes beyond the mere absorption of carbon
dioxide by ecosystems. It turns out that sustainable resource management is of paramount
importance, including the multi-stage use of wood (i.e., its repeated processing across
various product life cycles), increasing product durability, and substitution potential,
which means directly replacing materials and fuels that emit high levels of greenhouse
gases [8]. Therefore, increasing importance is attached to the inclusion of the harvested
wood products pool (wood products in use that continue to store carbon after harvest),
avoided emissions, and LCA (life cycle assessment) indicators. Only such an expanded
perspective allows the actual climatic effect of the forest-wood system to be estimated [5,9].
The digitisation of the wood supply chain and the development of tools for tracking material
flows further increase the possibilities for precise carbon accounting at the operational level.
This creates a basis for models that are more firmly grounded in management practice [10].
Current analyses of forests as carbon sinks must therefore include the site and stand
component, the soil component, the product component, and the technological component.
These elements form a configuration of variables that justifies the methodological logic
adopted in the present research [7].

In response to the complexity of carbon balance analyses, machine learning methods
are increasingly being used, allowing for precise modelling of nonlinear and multidimen-
sional interactions in environmental data [11]. The literature has shown that ensemble
models, boosting methods, and hybrid architectures can effectively estimate carbon stocks,
sequestration, and forest biomass. They often outperform classical approaches in predictive
accuracy and generalization capacity [12]. This is particularly important for variables that
are difficult to measure directly or highly variable in space, such as soil organic carbon
stocks. In such cases, the combination of field data, environmental information, and ma-
chine learning (ML) methods is now regarded as one of the most promising directions of
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development [13,14]. Recent studies also indicate that the advantage of machine learning
models should not be assessed solely through predictive performance. Resistance to over-
fitting, appropriate feature selection, elimination of data leakage, and interpretability of
results are equally important [11,15]. Approaches combining predictive modelling with
variable influence analysis are therefore of particular significance. This includes the use
of SHAP tools (Shapley Additive Explanations) (a method for explaining the contribution
of each predictor to an individual model output), which makes it possible to identify the
direction and magnitude of the effect of individual features on model output and thus
enhance the applied value of predictions in environmental management [11,16]. This
justifies the selection of hybrid and ensemble algorithms in the present study, and the inter-
pretation of the model not merely as a black box, but as a tool supporting the identification
of mechanisms shaping gross CO,e (carbon dioxide equivalent) in forest stands [11,16].

Under Polish and, more broadly, Central European conditions, the need to develop
such models is particularly evident because the region is characterized by the simultaneous
influence of climatic pressure, the major significance of the forest sector for the climate bal-
ance, and high site and management variability among stands [1]. From a methodological
perspective, this means that tools must be developed that are capable of predicting the total
carbon balance not on the basis of a single pool. Instead, they should use readily available
field and site parameters, such as age, height, tree density, species composition, forest
site type, and management variant, supplemented with information on soil, operational
emissions, and environmental and circularity indicators [17]. Such an approach is impor-
tant both cognitively, because it captures the multifactorial nature of the CO,e balance
(carbon dioxide equivalent), and practically, because it provides a basis for reducing costly
direct measurements and for supporting decision-making in forest management, carbon
inventory, and the assessment of management scenarios [4,17].

Although the final CO,e balance in a circular economy (CE) depends on integrated
processes across the supply chain and on the reuse of raw materials, the foundation of this
system is a precise understanding of the initial biomass resources. For this reason the aim
of the present study was to develop and optimize a predictive model for estimating the
total baseline carbon balance, expressed as gross CO,e (gross carbon dioxide equivalent),
in Polish forest stands. The principal task was to produce a tool capable of accurately
predicting carbon dioxide equivalent on the basis of measurable field-data characteristics,
including age, height, the number of trees per hectare, and forest site type. This allows for
a reliable estimate of the biological carbon stored in the forest, which serves as a starting
point for further circular management without the need for costly and complex biomass
measurements. Instead, it relies on more readily available parameters related to the tree
stand and site conditions. The developed solution directly supports the objectives of the
Forest Carbon Farms project (FCF) (Forest Carbon Farms), whose purpose is to create
an advanced carbon inventory model adapted to the specific characteristics of Central
European forests. The implementation of these research tasks is consistent with Poland’s
strategic commitments concerning the enhancement of the absorptive capacity of the forest
sector within climate policy by 2030.

2. Materials and Methods
2.1. Research Design and Analytical Framework

The methodological framework adopted in this study was based on the joint analysis
of site-related, stand-related, carbon-related, operational, and environmental variables
to model the gross COye balance of forest stands under circular-economy conditions.
The modelling procedure assumed that gross CO,e [Mg/ha] could be described using a
heterogeneous set of predictors reflecting forest site type, stand composition and structure,
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selected carbon pools, management-related emissions, and environmental indicators. This
approach reflects the multifactorial nature of the forest carbon balance and supports the
integrated interpretation of the ecological and management-related determinants of the
analyzed system [18]. In this way, the analytical framework combined predictive and
interpretative functions, linking model performance with the ecological and management-
related structure of the analyzed forest system.

The adopted analytical framework was also consistent with the broader logic of forest
assessment and monitoring, in which stand characteristics, site conditions, soil-related
parameters, water-related factors, and selected environmental indicators are considered
jointly. In this context, references to large-scale forest inventory and monitoring systems
in Poland should be understood as a conceptual basis for the selection and integration
of variables, rather than as a direct indication that the analytical dataset was derived
exclusively from these systems [19,20]. This justified the construction of predictive models
combining dendrometric, site, carbon, operational, and ecological variables within a single
analytical procedure [10,21]. The same logic also supported the joint inclusion of stand
structure, site conditions, carbon pools, management-related emissions, and environmental
functioning within one coherent modelling scheme [22].

2.2. Research Material

The research material was treated as a curated analytical dataset prepared for predic-
tive modelling at the forest stand or sample plot level, rather than as a probability-based
representative sample in the sense of a national statistical forest inventory. The primary
dataset contains information on forest management in Poland from 16 voivodeships and
their macroregions (for the years 2020-2024. The dataset was prepared to enable the
analysis of the effects of carbon sequestration and greenhouse gas emissions in different
regions on forest management within a circular-economy framework [22]. The spatial scope
included forest stands assigned to the analyzed macroregional conditions of Poland, with
particular emphasis on Pomerania, Mazovia, and Greater Poland. In the present study,
these regions should be understood as the principal macroregional reference framework
for comparative and predictive analyses, rather than as a basis for claiming full statistical
representativeness for all forests in Poland.

A single observation in the analytical dataset represented a forest stand defined by
location, observation year, and management variant, with the main quantitative variables
expressed per hectare. Only records meeting all of the following conditions were included
in the analytical dataset: (i) assignment to a clearly defined observational unit at the forest
stand or sample plot level; (ii) availability of a core set of habitat, stand, and emission-
related variables; (iii) assignment of the record to a single year within the 2020-2024 period;
and (iv) logical consistency of the record with the adopted structure of input variables
used in the circular-economy-oriented forest carbon analysis. Incomplete, inconsistent,
or target-deficient records were removed during preprocessing, resulting in 930 final
records. Plot area was retained in the dataset as an auxiliary predictor rather than treated
as the primary unit of analysis, ensuring consistency between the observational unit and
indicators recalculated per hectare, but it was not treated as the basis for formal regional-
or national-scale statistical inference. All records were handled as independent analytical
observations at the stand or plot level, and the final modelling table was screened for
duplicates and incomplete entries before model training.

The adopted dataset was not designed as a formally stratified sample representing the
entirety of Polish forest resources. Therefore, the results should be interpreted primarily as
applying to forest stands with habitat, structural, and management characteristics similar to
those represented in the analyzed dataset. Generalization to all Polish forest macroregions
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should be made with caution and would require additional validation using an independent
and spatially stratified dataset.

The use of this type of research material was consistent with the aim of the study,
which was not to reconstruct official national forest statistics, but to develop and validate
a predictive tool capable of modelling gross COye balance from stand-related, habitat-
related, carbon-related, operational, and environmental variables considered jointly. In
this sense, the dataset functioned as an operational modelling resource for identifying
relationships between measurable forest descriptors and the gross carbon balance under
circular-economy-oriented forest management. This way of organizing data aligns with the
direction of Polish work on the carbon balance in forests, as the national carbon balance
model is based on data concerning tree species traits and soils, and in a broader context
also considers the long-term, persistent carbon sequestration in products.

The input variables were organized into five functional groups (Table 1). The first
group consisted of habitat-stand variables, such as voivodeships, macroregions, the short-
ened forest habitat type, the dominant stand type or mixed arrangement, management
variant, main species, bonitation, and sample surface area. The second group included bio-
metric and structural variables, including trunk circumferences (L1, L2) and features related
to the condition and structure of the stand: “Age years”, “Number of trees-estimated data
[ha]”, “Height-estimated data [m]”, “Volume [m3/ha]”, “Dry mass [t/ha]”, “Deadwood
[m3/ha]”, “Biomass left dry/ha”, “Share of remaining biomass [%]” (Table 1). The third
group comprised carbon variables: above-ground biomass (AGB), below-ground biomass
(BGB), the organic carbon stock in soil in the 0-30 cm layer (C SOC 0-30 Mg/ha), annual
change in soil carbon stock (ASOC Mg/C ha per year), and carbon bound in products
from harvested wood (C HWP Mg/C ha). The fourth group consisted of operational and
circular variables, covering emissions from harvesting, transport, and processing, as well
as emissions avoided through substitution of materials or fuels with high emissions. The
fifth group included environmental variables (annual precipitation, annual temperature)
and life cycle indicators, such as the water retention index, biodiversity index and soil
compaction. All variables listed in Table 1 served as input data, and the aim was to identify
a single optimal model.

Table 1. Characteristics of the initial set of input variables (field and operational descriptors) subjected
to the optimization process.

Group Variable Name Variable Status
Habitat and stand variables Shortened forest site type Input
Dominant tree stand type or mixed I
system nput
Management variant Input
Main species Input
Bonitation Input
Sample areaf [ha]—data from a Input
orester
Macroregion Input
Voivodeship Input
Year of observation Input
Pine share [%] Input
Oak share [%)] Input
Beech share [%)] Input
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Table 1. Cont.
Group Variable Name Variable Status
Spruce share [%] Input
Fir share [%] Input
Alder share [%] Input
Biometric and structural variables Age (years) Input
Number of trees—estimated data [ha] Input
Height—estimated data [m] Input
Volume [m?/ha] Not used
Dry mass [t/ha] Not used
Deadwood [m? /hal] Input
Biomass left dry/ha Input
Share of remaining biomass [%] Input
Carbon variables AGB [MgC/ha] Not used
BGB [MgC/ha] Not used
C SOC 0-30 MgC/ha Input
SOC MgC/ha/year Input
C HWP MgC/ha Input
Gross COye t/ha Output
Net COye t/ha Not used
CI95 t/ha Not used
Operational and circular variables ~Emissions from harvesting tCO,e/ha Input
Emissions related to the
transportation of wood or biomass Input
tCOze/ha
EmlSSIOI:SC gcz)rer} E;ocessmg Input
Avoided emissions tCOe/ha Input
Harvesting [m®/ha/year]. Input
Environms::f;balz;i life cycle Annual precipitation [mm] Input
Annual temperature [°C] Input
Water retention index Input
Biodiversity index of water retention Input

The solution implemented allows for the assessment of the forest’s condition, the main
carbon pools, and the timber cycle in the context of a circular economy.

2.2.1. Habitat and Stand Variables

The first group consisted of habitat and stand variables, such as a shortened forest
habitat type (“Shortened forest site type”), the dominant stand type or mixed arrange-
ment (“Dominant tree stand type or mixed system”), management variant, main species,
bonitation, and sample plot area (“Sample area [ha]—data from a forester”).

The shortened forest habitat type was determined as a synthetic description of habitat
conditions, combining information on moisture, fertility, and the general character of the
forest habitat. This variable corresponded to the forest typology used in forest manage-
ment practice and was used to classify records into categories such as fresh pine (_Bsw),
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fresh mixed pine (_BM$w), fresh mixed forest (_LMs$w), fresh forest (_L$w), or ash alder
carr (_OI]J).

The dominant stand type or mixed arrangement was determined based on the species
composition of the analyzed object. In the case of monospecific stands, the name derived
from the dominant species was used, whereas for mixed stands, the main co-occurrence
pattern of species was recorded, e.g., beech (_bukowy), oak (“_debowy”), pine (“_sos-
nowy”), birch (“_brzozowy”), alder (“_olchowy”), pine-oak (“_sosnowo-debowy”), pine-
birch (“_sosnowo_brzozowy”), pine-beech (“_sosnowo-$wierkowy”), pine-spruce, mixed
coniferous-deciduous stands (“_mieszane iglasto-liSciaste”), or others. This variable aimed
to reflect a simplified species structure of the object and served as a feature describing both
the production potential and functional diversity of the stand.

The management variant was defined as a scenario of forest management practices
applied to the analyzed stand. In practice, it indicated the adopted model of biomass
utilization and management, differentiating the level of intensity, the share of protective
functions, and the scope of raw material use within a circular economy framework. This
variable was assigned expert knowledge at the record level and used to distinguish more
production-oriented, sustainable, protective, or circular variants.

The main species was identified as the dominant species in the analyzed stand, i.e.,
the one with the largest contribution to the upper layer or considered the most important
from the perspective of the object’s characterization. Abbreviations consistent with forestry
practice were used, e.g., So for pine, Sw for spruce, Db for oak, Bk for beech, Brz for birch,
Ol for alder, and Jd for fir. This variable had biological and ecological significance, as
the main species influences growth rate, resource availability, drought resistance, carbon
sequestration processes, and the type of wood utilization possible.

Bonitation was defined as the productivity class of the habitat for the given main
species. It did not refer to soil bonitation classes but to the quality of growth conditions for
the stand. In practice, bonitation reflected the habitat’s capacity to produce growth and
was interpreted as an ordinal feature on a five-point scale (classes I, II, III, IV, and V), where
a lower class number indicated better growth conditions. This variable was retained in
the model as an ordered predictor. This ensured the proper application of SHAP analysis
for model interpretation, allowing verification of how habitat conditions (classes I to V)
influence the deviation of predictions from the baseline value.

Sample plot area was defined as a designated fragment of the stand serving as an
observation unit, on which measurements and features of the object were taken or assigned.
This variable allowed for converting absolute values to per-unit-area figures and main-
taining consistency between measurement data and indicators related to 1 hectare. In
forest monitoring logic, sample plots form the basic unit for collecting data on species, age,
diameter at breast height, health status, and stand structure [23].

2.2.2. Biometric and Structural Variables

The second group consisted of biometric and structural variables, including trunk
circumferences (L1, L2) and features related to the condition and structure of the stand. L1
was interpreted as the trunk circumference measured at a height of 1.30 m above ground
level, which is equivalent to the traditional breast height recorded in circumference units.
This variable described the basic dendrometric dimension of the tree and was treated as an
indicator of the size of the individual or the average size of trees in a given record. L2 was
interpreted as the trunk circumference at the base, measured at a low height above ground
of about 0.05 m. Unlike L1, this variable better reflected the expansion of the trunk base and
served as an auxiliary measure when describing the shape of the shoot, the relationship
between breast height and the lower part of the trunk, and for intermediate differentiation
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of species morphology. During data quality control, a logical condition was checked to
ensure that L2 remained greater than L1. This group also included all features describing
the condition and structure of the stand, such as age or age class, species composition,
degree of structural diversity, crown condition, or overall health. Their selection was
consistent with forest monitoring methodology, which records species, age, breast height,
status, biosocial position, and numerous morphological features of crowns, including
defoliation, discolouration, and the presence of dead branches, on observation plots.

2.2.3. Carbon Variables

The third group consisted of carbon variables: above-ground biomass (AGB), below-
ground biomass (BGB), organic soil carbon stock in the 0-30 cm layer (C SOC 0-30 MgC/ha),
annual change in soil carbon stock (ASOC MgC/ha/year), and carbon stored in products
derived from harvested wood (C HWP MgC/ha).

AGB was determined as the carbon stock accumulated in the above-ground biomass
of the stand, including trunk, bark, branches, and, depending on the adopted methodology,
also leaves or needles. This variable was expressed in Mg C/ha, i.e., tonnes of carbon
per hectare. In practice, the AGB value could be established based on biometric data and
appropriate biomass—carbon conversion factors. This variable represented the primary
pool of living above-ground biomass carbon. However, due to its direct relationship with
the target variable, it was not retained in the final predictor matrix.

BGB was calculated as the carbon stock stored in below-ground biomass, primarily
in the root system. Like AGB, it was expressed in Mg C/ha. BGB was regarded as a
supplementary pool of living biomass carbon, particularly important for a complete carbon
balance of the ecosystem. Due to its direct relationship with the target variable, BGB was
not retained in the final predictor matrix.

C SOC 0-30 MgC/ha indicated the organic soil carbon stock in the 0-30 cm layer,
expressed in tonnes of carbon per hectare. This variable characterized the size of the main
carbon pool stored in mineral and humus-rich soil. Under forest conditions, it is one of
the most important long-term carbon pools, and its inclusion was necessary for a proper
assessment of the impact of forest management on the climate.

ASOC MgC /ha/year was defined as the annual change in organic soil carbon stock,
i.e., the increase or decrease in SOC over the course of a year. Positive values indicated
carbon accumulation in the soil, while negative values indicated loss. This variable played a
special role in the model because it allowed separation of the stock’s state from its dynamics.

C HWP MgC /ha represented the amount of carbon stored in products derived from
harvested wood, converted to the unit of forest stand area. This variable reflected the
fact that part of the carbon leaving the forest ecosystem remains bound in sawn timber,
panels, furniture, structures, or other wood products, and does not immediately return
to the atmosphere. Including this variable in the model was consistent with the national
approach to developing methodologies for long-term, sustainable carbon sequestration in
products. The Forest Condition Report explicitly states that work is underway in Poland
on a methodology for long-term carbon sequestration in products and on a carbon balance
model based on species and soil characteristics.

2.2.4. Operational and Circular Variables

The circular economy framework adopted in this study should be understood as a
broader interpretative framework, whereas the operational variables represent its measur-
able process-related components. In the present analytical design, the circular economy
dimension includes the retention of carbon in harvested wood products, cascading biomass
use, and the estimation of avoided emissions resulting from material or energy substitu-
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tion. By contrast, the operational variables refer specifically to greenhouse gas emissions
generated during timber harvesting, transport, and industrial processing.

The fourth group consisted of operational and circular variables, including emissions
from harvesting, transportation, and processing, as well as emissions avoided through the
substitution of materials or fuels with high emissions. This distinction was introduced
in order to separate the conceptual circular-economy context from the directly quantified
emission-related predictors used in the models. To ensure methodological transparency,
operational and circular variables were quantified within clearly defined system boundaries.
The system included the following stages: (i) harvesting and timber extraction within the
forest stand, (ii) transport of harvested biomass or timber to the first point of further
utilization, and (iii) industrial processing of wood into intermediate or final products.
Emissions were expressed in tonnes of CO, equivalent per hectare and were assigned to
the stand-level analytical unit by relating process-specific emission factors to the biomass
or timber output attributed to a given stand.

Emissions from harvesting were defined as greenhouse gas emissions generated at
the stage of felling, pruning, cross-cutting, skidding, forwarding, and other operations
related to timber extraction. They were expressed in tonnes of CO,e per hectare. This
variable represented the direct climate cost of forestry work associated with raw material
utilization, and these emissions were quantified using fuel- or operation-based emission
factors assigned to mechanized forestry activities.

Transport emissions referred to emissions assigned to the movement of wood or
biomass from the point of harvest to the point of further use, such as a wood yard, sawmill,
paper mill, or other processing plant. This value was also expressed in tonnes of CO,e per
hectare. It was linked to supply chain logistics and constituted the second main component
of operational emissions. Emissions from transport were estimated using transport emission
factors expressed per tonne-kilometre or cubic metre-kilometre, depending on the available
conversion basis.

Processing emissions included emissions related to industrial wood processing, such
as chipping, drying, production of panels, pulp, paper, or wood fuels. Their magnitude
reflected the energy intensity of further processing of the raw material, and they were
quantified using process-level emission factors linked to the relevant product pathway.

Avoided emissions were interpreted as the amount of emissions that were prevented
thanks to the use of wood or biomass as a substitute for materials and fuels with higher
emissions. This variable expressed the effect of material or energy substitution and was
particularly important from a circular economy perspective. In practice, it reflected the
climate benefit resulting from a wood product or circular solution replacing an alternative
with a higher carbon footprint. Accordingly, avoided emissions did not represent direct
measured emissions, but rather the climate benefit resulting from substitution. In each case,
the avoided-emission term was calculated against an explicitly defined reference scenario
and expressed in tonnes of CO, equivalent per hectare.

All variables in this group were treated as characteristics describing the operational
dimension of wood utilization and its role within the circular economy logic. Their applica-
tion was consistent with the fact that in Polish forests, a significant part of harvesting is not
only related to planned utilization but also to the removal of dry, damaged, and fallen trees
caused by climate stresses, water disturbances, and biotic factors. The analytical procedure
therefore distinguished between (i) direct operational emissions, including harvesting,
transport, and processing, and (ii) circular-economy benefits, including carbon retention
in harvested wood products and avoided emissions due to substitution. This clarification
was introduced to avoid conflating the circular economy as a system-level concept with
the narrower group of operational predictors used in the machine learning models. All
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emission-related variables were parameterised using fixed emission factors or scenario-
based assumptions applied consistently across the dataset. Table 2 presents the emission
factors, units, system boundaries, and data sources used to quantify these variables. Where
a single direct field measurement was not available, the values were assigned using docu-
mented analytical assumptions consistent with the adopted modelling framework.

Table 2. Emission factors, system boundaries, and assumptions used for the quantification of
operational and circular variables.

Variable

Definition Unit System Boundary

Emissions from harvesting

Emissions generated during felling,
pruning, cross-cutting, skidding, and tCOze/ha
forwarding

Forest operations within
stand boundary

Emissions from transport

Emissions related to timber or
biomass transport from stand to first tCOse/ha
point of utilization

From stand to
yard/sawmill/plant gate

Emissions from processing

Gate-to-gate or
tCOze/ha cradle-to-gate, depending
on product pathway

Emissions generated during
industrial wood transformation

Avoided emissions

Emissions avoided through
substitution of high-emission tCOse/ha
materials or fuels

Relative to defined
reference scenario

Carbon stored in harvested
wood products

Carbon retained in wood products

after harvest MgC/ha Post-harvest product pool

LCA GWP

Global warming potential per unit
volume of raw material or product

According to adopted LCA

3
kgCOze/m scope

2.2.5. Environmental Variables and Life Cycle Indicators

The fifth group consisted of environmental variables and life cycle indicators, such
as the water retention index, biodiversity index and soil compaction. The water retention
index was treated as a synthetic indicator of the habitat or stand’s capacity to retain water.
It was most often recorded on an ordinal scale, e.g., from 1 to 5, where higher values
indicated greater retention potential. This variable was intended to reflect the influence of
habitat conditions, stand structure, and soil characteristics on water management within
the forest ecosystem. Its inclusion was justified by monitoring data, which identified water
conditions and soil moisture as some of the main factors affecting forest health [5,18].

The biodiversity index was defined as a synthetic indicator of the level of biological
diversity within the stand or habitat, usually recorded on a scale from 0 to 1. Higher values
indicated greater species or structural diversity. This variable was meant to represent the
ecological dimension of ecosystem stability and was important both for emission prediction
and for the later stage of multi-criteria optimization.

Soil compaction was interpreted as an indicator of the physical condition of the soil,
relating to its degree of compaction or resistance to penetration. In practice, this variable
could be expressed in MPa and used as an approximation of the degree of compaction
affecting root growth, soil profile aeration, and water infiltration. In the model, it served as
an auxiliary feature describing the physical conditions of stand functioning.

LCA GWP kgCO,e per m? represented the global warming potential expressed in a life
cycle analysis per unit volume of raw material or wood product, i.e., in kilograms of CO,
equivalent per cubic metre. This variable allowed linking traditional forest analysis with
environmental assessment of the entire value chain, from timber harvesting to processing
and further utilization. As a result, the model did not only refer to processes occurring
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within the forest ecosystem itself but also partially accounted for the emissions associated
with the material throughout its life cycle.

For the purposes of further modelling, the input variables were additionally treated
as five complementary functional groups: site- and stand-related variables, biometric and
structural variables, carbon-related variables, operational and circularity-related variables,
and environmental variables. This division facilitated the subsequent interpretation of
predictor importance in the machine learning models and supported the simultaneous
inclusion of site characteristics, stand structure, carbon pools, and emissions associated
with wood utilization within one coherent analytical dataset [11,21].

2.3. Data Preprocessing

In the first stage, it was necessary to clean the dataset concerning forest management
in .csv format. This involved checking for duplicate records, missing values, and data
format correctness. The original dataset contained 960 records. As a result of this procedure,
the last 30 observations were removed because they did not contain complete values. The
secondary dataset (df_cleaned) therefore contained 930 records. Each record represented
aggregated data at the level of a single forest stand. The key values were standardized per
hectare. This ensured consistency between the observation unit, the predictor variables,
and the target variable used in the modelling procedure.

In the next step, a decision variable was defined. The target variable described the
total carbon balance expressed as gross CO,e [Mg/ha]. Operationally, the gross carbon
dioxide equivalent balance was defined as the sum of the main carbon pools, calculated for
the i-th analytical unit as follows (Equation (1)) [24]:

4
E(AGBI + BGB1 + Csoc,O—SO,i + CHWP,i) (1)

where Gross COye;j is the gross carbon dioxide equivalent balance for the i-th forest stand or

Gross COpe; =

sample plot [t COze ha~1], AGB,; is the carbon stock accumulated in above-ground biomass
Mg C ha~1], BGB; is the carbon stock accumulated in below-ground biomass [Mg C ha1],
Csoc 0-30,i is the stock of soil organic carbon in the 0-30 cm layer [Mg C ha—1], and Chawri
is the carbon stored in harvested wood products [Mg C ha~!]. The factor 44/12 converts
carbon stock into carbon dioxide equivalent on the basis of molecular mass.

For interpretative purposes, the gross balance was further related to an extended net-
balance formulation that additionally included annual soil carbon dynamics, operational
emissions, and avoided emissions associated with substitution effects (Equation (2)) [24]:

44
Net COze; = Gross COze; + EASOCi - (Eharv,i + Etrans,i + Eproc,i) + Eavoid,i 2

Gross COqe was available in the dataset as a separate response variable and was not
recalculated from the predictors used in the final models. Because the target variable used
in machine learning was the gross CO,e balance (Equation (1)), special attention was given
to avoiding circularity between the response variable and the predictors. Variables that
were directly or algebraically related to Equation 1, particularly AGB, BGB, dry biomass
mass, and net CO,e (Equation (2)), where excluded from final predictor matrix before model
training. Variables related to harvested wood products, avoided emissions, soil organic
carbon change, and operational emissions were retained only as descriptive or contextual
variables to support the interpretation of the broader carbon balance framework, provided
they did not introduce direct circular dependence. Therefore, the final machine learning
models were based on independent stand, site, structural, management, and environmental
descriptors rather than on direct algebraic components of the response variable.
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In the subsequent stage, it was necessary to ensure the correctness of textual data by
standardizing the numeric format. The decimal separator was replaced from a comma
to a period, enabling an attempt to convert these columns into numeric data. Then, all
text columns were converted to a floating-point data type. Columns containing actual
descriptive text were left in string format. Finally, the decision variable was converted to a
floating-point type, which prepared the data for further statistical analysis and modelling.

Another important step in data preparation was the practical implementation of the
variable exclusion procedure described above. During this stage, four variables were
removed from the dataset: AGB (aboveground biomass), BGB (belowground biomass), dry
biomass mass, and CO; equivalent per ton per hectare in a net perspective (Table 1). These
variables were excluded because they were directly related to, or derived from, the target
variable and could therefore introduce circularity into the modelling procedure. This step
reduced the risk of target leakage and artificially inflated model performance. Additionally,
correlation analysis was conducted to identify predictors that were too strongly correlated
with each other or with the response variable. Identifying and reducing such redundant
relationships was important for optimizing the input data and limiting model instability.
As a result of this analysis, a very strong correlation was observed between “CI95 t/ha” and
“Volume [m3/ha]”. This finding justified reducing redundant information in the predictor
set and supported a more cautious interpretation of the high predictive performance of
the models.

The next step was to divide the dataset into training, validation, and test sets. To
extract data for the validation set, the data split was carried out in two stages. In the
first stage, the dataset was randomly divided into a training set and a validation/test
set in an 70:30 ratio. The second stage involved dividing the validation and test sets in
a 50:50 ratio. As a result, the dataset was split into 70:15:15 proportions for the training,
validation, and test sets, respectively. At this stage, the train_test_split function from the
model_selection module of scikit-learn was used, with the above proportions specified via
the test-size parameter. To ensure reproducibility of the results, the random-state parameter
was also considered.

Next, a mini-pipeline was created to process numerical features in the dataset. To do
this, data fitting was performed on the training set. The SimpleImputer function with the
strategy parameter was used, aiming to fill in missing NaN values with the median of the
respective column [25]. This method provided robustness against outliers and prevented
missing data in the training set. The use of the median in SimpleImputer was justified,
among other reasons, by the data on organic carbon stock (SOC), which varied significantly
depending on soil type and region (e.g., pine forests in northern Poland and beech stands in
the central part of the country), generating natural extreme values across the entire dataset.
Besides the SimpleImputer method, the pipeline also included the StandardScaler, which
aimed to set the mean close to 0 and the standard deviation equal to 1 for the independent
variables. Incorporating these steps into the pipeline ensured they were performed in the
correct order both during model training and when applying it to new data, guaranteeing
consistency and eliminating the need for manual repetition.

In order to process textual data, a pipeline using the OneHotEncoder method was also
implemented, transforming each categorical feature into binary columns [26]. Two arguments
were used in the pipeline: handle_unknown = ignore and sparse_output = False. The first
argument specified whether there was a risk of encountering categories in new test data that
were not present in the training set. The second argument returned the encoded variables as a
dense array, which ensured compatibility with the subsequent modelling steps.

In the data preparation process, the ColumnTransformer method was also used, en-
abling the transformation of input data into the appropriate feature space while considering
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separate processing of numerical and categorical variables [27]. This approach allowed for
clear separation of different data types, ensured reproducibility of processing operations,
and reduced the risk of data leakage in both the training and test sets. All preprocessing
operations were fitted exclusively on the training data and subsequently applied to the
validation and test subsets, thereby preserving methodological consistency and limiting
the risk of information leakage.

In order to optimize the model and reduce the dimensionality of the feature space, a
variable selection method based on Lasso regression (L1 regularization) was applied using
the SelectFromModel module [28]. This approach allowed for the automatic identification
of the most important input variables and the elimination of those with marginal signifi-
cance by setting their coefficients to zero. It simplified the model, significantly reducing the
risk of overfitting. The entire procedure was integrated into a single processing pipeline,
combining the initial data transformation step with an automatic feature selection pro-
cess (Figure 1). This was especially important when analyzing the forest dataset, which
contained numerous dendrometric, soil, and climatic parameters.

ML Pipeline
1. Feature Engineering 2. Pipeline and Lasso

* Input data: Load raw datasets. * Data splitting: split the data into training (70%),
* Data cleaning: standardize formats, remove artifacts, validation (15%), and test (15%) sets.

and convert to floating-point for precision. - * Automated preprocessing: use ColumnTransformer
* Feature selection: prevent target variable leakage by for numerical imputation and standard scaling.

removing four derived variables. = * Feature selection: use Lasso with alpha = 0.01 to
* Correlation analysis: reduce multicollinearity by eliminate variables that did not influence the result.

removing two variables based on the correlation * Leakage control: examine and limit the influence of

matrix. indirectly correlated variables using Lasso.

[
3. GridSearchCV 4. Metrics evaluation

* Algorithm selection: evaluating ten machine learning
algorithms (Random Forest, Decision Tree, AdaBoost, 4.

Bagging, XGboost (Xboost), MLPRegressor, Gradient —| e Calculating metrics: R-squared, MSE, RMSE,
Boosting, Voting Regressor, CatBoost, Stacking MAE, and CV (RMSE) % to evaluate the model.

Regressor).

* Hyperparameter tuning: using GridSearchCV to find
optimal parameters.

* Cross-validation: using 5-fold CV to avoid overfitting.

[

5. Visualization of results and learning curves

J

6. Explainability using SHAP

* Interpretation of the model
* Feature importance

* Learning curves.
* Comparison of predictions vs reality.

Figure 1. Flowchart of the ML process from data to interpretation.

2.4. Development of Machine Learning Algorithms
2.4.1. Neural Network and Hybrid Models

MLPRegressor is a neural network composed of an input layer, an output layer, and
at least one hidden layer. The training process involved mapping complex, nonlinear
relationships in the data by adjusting weights using selected learning optimizers [29-31].
The model’s performance depended on the precise selection of chosen hyperparameters.
The hyperparameter selection for this model was carried out as follows: hidden_layer_sizes,
activation, solver, alpha, and learning_rate_init (Table 3). The hidden_layer_sizes parameter
defined the network architecture by selecting the number of neurons in the hidden layers.
Using the rectified linear unit (ReLU) activation function introduced necessary nonlinearity
into the calculations, enabling the algorithm to better fit the patterns in the training set [32].
The “solver” parameter, responsible for the weight optimization algorithm, with “adam”
valued for high efficiency [33], and “sgd” for stochastic gradient descent, ensured stability
during the training process [34]. The regularization parameter alpha mitigated overfitting
by penalizing excessively high weight values, improving the model’s ability to generalize
to new data. The hyperparameter learning_rate_init controlled the initial step size in the
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weight update process, providing stability in learning and the rate at which the loss function

reaches its minimum. As part of minimizing the loss function, i.e., the mean squared error
(MSE), this model can achieve very high prediction accuracy in engineering applications.

Table 3. Hyperparameter configuration used in this research.

Model Name Hyperparameter Tested Values
Random Forest max-depth 56,7
n_estimators 200, 500
max_features sqrt, log2, 0.3, 0.5
min_samples_leaf 1,2,4,8
min_samples_split 2,5,10

bootstrap True, False
Decision Tree max-depth 3,5,10,20
min_samples_leaf 2,5,10
min_samples_split 1,2,4
ccp_alpha 0.0,0.01,0.5
AdaBoost n_estimators 100, 200, 500
learning_rate 0.01,0.05,0.1,0.5,1.0
loss linear, square, exponential
DecisionTreeRegressor(max_depth = 3),
estimator DecisionTreeRegressor(max_depth = 5),
DecisionTreeRegressor(max_depth =7)
Bagging n_estimators 50, 100, 200, 500
max_samples 0.5,0.7,0.8,1.0
max_features 0.5,0.7,0.8,1.0
bootstrap True, False
bootstrap_features True, False
estimator DecisionTreeRegressor(max_depth = 5),
DecisionTreeRegressor(max_depth = 10)
XGboost n_estimators 100, 200, 500
max_depth 3,57
learning_rate 0.01, 0.05, 0.1
subsample 0.7,0.8,1.0
colsample_bytree 0.7,0.8,1.0
min_child_weight 1,3,5,10
reg_alpha 0,0.01,0.1,1.0
reg_lambda 0.5,1.0,2.0,5.0
gamma 0,0.1,05,1.0
MLPRegressor hidden_layer_sizes (50,),(100,)
activation relu
solver sgd, adam
alpha 0.001, 0.01
learning_rate_init 0.00005, 0.0001, 0.001
Gradient Boosting n_estimators 100, 200, 500
max_depth 3,4,5

learning_rate

0.01,0.05, 0.1
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Table 3. Cont.

Model Name Hyperparameter Tested Values
subsample 0.7,0.8,1.0
n_iter_no_change 10, 20, 50

regl = RandomForestRegressor(n_estimators = 100,
random_state = 42)
Voting Regressor estimators reg? = BaggingRegressor(n_estimators = 100,
random_state = 42)
reg3 = xgb. XGBRegressor(random_state = 42)

CatBoost iterations 500
depth 4,6,8
learning_rate 0.01, 0.05, 0.1
12_leaf_reg 1,3,5
Rsetgilizogr rf__n_estimators 100, 200
rf__max_depth 3,5
xgb__max_depth 3,5
xgb__learning_rate 0.05, 0.1

Voting Regressor is the equivalent of a meta-learner in regression tasks. It is an ad-
vanced ensemble learning technique that integrates the predictions of several independent
base models to generate a final, more stable result. This mechanism relies on aggregating
the outputs of individual algorithms, which allows for effective reduction in variance and
errors specific to single models, thereby increasing the algorithm'’s ability to generalize to
new data [35,36]. In the research, a combination of Random Forest, Bagging, and XGBoost
was used. Recent studies have shown that hybrid solutions often outperform individual
neural network models in effectiveness. The selection of base models within the Voting
Regressor structure has become particularly resistant to noise and overfitting in the research
problem [37,38].

Stacking Regressor, like the Voting Regressor, integrates predictions from multiple
different base models to generate a final, stronger result in the idea of a meta-model [39-41].
The procedure for using base models in this study was as follows: the first base estimator
used was Random Forest (RF). RF aimed, through its structure of multiple decision trees,
to improve stability and reduce the variance of the model. The second estimator used was
XGBoost (XGB), which aimed to prevent overfitting through efficient gradient boosting
implementation, accuracy in modelling complex, nonlinear relationships, and built-in
regularization mechanisms. The parameter n_estimators = 100 was used for the random
forest, and the reg:squarederror loss function for XGBoost, providing a standard, stable
configuration for regression tasks. The combination of these two algorithms allowed for
mutual complementarity between Random Forest and XGBoost, by eliminating noise and
precisely correcting forecasting errors made in previous stages (Table 3).

2.4.2. Advanced Gradient Models

Gradient Boosting Regressor is an ensemble algorithm designed to create successive
decision trees by gradually correcting errors in previous models [42-44]. The result of this
approach is improved forecast accuracy. The hyperparameter configuration of the model
was carried out according to the scheme below. The parameter n_estimators was chosen
to allow the model to account for more complex dependencies among the trees in the
ensemble. The max_depth parameter limited the depth of individual trees, controlling the
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complexity of each base model and the risk of overfitting. Regarding the learning_rate, the
contribution of each new tree was scaled, with smaller values requiring a larger number of
trees. The subsample parameter determined what fraction of samples was used for training
each tree, introducing randomness and acting as a form of regularization. Meanwhile,
n_iter_no_change was responsible for early stopping of the training process when the
validation score did not improve after a specified number of iterations. In this algorithm,
an early stopping mechanism (n_iter_no_change) was employed, which monitored the
model’s error based on predictions from internal validation subsets (out-of-fold predictions),
ensuring that the final test set remained entirely isolated and was used solely for a reliable
assessment of generalization [39].

XGBoost (Extreme Gradient Boosting) is a highly efficient implementation of gra-
dient boosting that optimizes prediction by sequentially correcting errors of previous
models [45-49]. This algorithm is based on a level-wise tree growth strategy, which ensures
the stability of the tree structure while aiming to minimize a complex loss function. A
distinguishing feature of this model is the built-in L1 (Lasso) and L2 (Ridge) regularization,
which penalizes excessive complexity, effectively protecting the algorithm from overfit-
ting. In the study, besides parameters such as n_estimators, max_depth, learning_rate,
subsample, colsample_bytree, the stabilization parameter min_child_weight was selected,
which determines the minimum sum of observation weights required in a child node
(Table 3). An L1 regularization parameter was applied, promoting sparsity of weights and
implicitly enforcing feature selection. Conversely, the use of L2 regularization penalizes
large weight values, preventing model instability. The gamma parameter defined as the
minimum reduction in loss required to split a node, was used as an additional mechanism
for pruning the tree structure to simplify the model (Table 3). In research on the inversion of
dye concentrations in wood based on hyperspectral data, this algorithm achieved excellent
results, obtaining an R? value in cross-validation ranging from 0.928 to 0.947 [50].

CatBoost is an advanced gradient boosting algorithm, whose important feature is
native and highly efficient processing of categorical features without the need for prior man-
ual encoding. The use of innovative ordered boosting technique and a unique structure of
symmetric decision trees effectively minimizes the risk of overfitting and offers exceptional
speed during the inference process [51-53]. The machine learning algorithm is character-
ized by very high prediction accuracy and stability of results even when using default
hyperparameter settings, making it an excellent tool for modelling complex dependencies
in heterogeneous tabular datasets. In the studies, hyperparameters related to iterations,
depth, learning rate, and 12_leaf reg were used (Table 3). The iteration parameter defined
the number of trees built during the training process (number of boosting rounds). In crop
yield studies, values ranged from 67 to 91, while in wood colouring recipe prediction, this
number was 300. The use of the 12_leaf reg parameter as an L2 regularization coefficient
(Ridge type) imposed a penalty for excessively high weight values in the tree leaves. In
studies on wood properties, it was observed that after input data optimization, the value
of this 12_leaf_reg parameter increased from 1 to 9, which allowed for a more stable and
accurate model.

2.4.3. Tree-Based and Forest-Based Models

Random Forest is an advanced machine learning method based on an ensemble of
models, utilizing a structure composed of multiple decision trees to solve complex clas-
sification and regression problems. Each tree within this ensemble adapts to a different
subset of data, significantly increasing the algorithm’s efficiency while reducing the risk
of overfitting. In this research, UAV LiDAR data were used to determine individual tree
height and crown radius, enabling the development of equations to estimate above-ground
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biomass (AGB). This approach provided very high accuracy, with R? = 0.9403 [4]. In the
current research, the max_depth parameter controlled the depth of the trees, and appropri-
ate limiting of branching levels protected the model from overfitting [50,54]. Increasing
the number of estimators in the n_estimators parameter improved the algorithm’s ability
to recognize complex physicochemical patterns in the data. The important max_features
parameter ensured forest diversity by randomly selecting a subset of features at each node
split. Regularization through min_samples_leaf and min_samples_split smoothed the tree
structure and limited the influence of informational noise. The bootstrap method (bagging
aggregation) reduced variance, leading to better generalization during attribute analysis in
the dataset (Table 3).

A decision tree (DT) is a “glass box” algorithm, valued in engineering for its high
interpretability and transparency of decisions [55-57]. This model operates by sequentially
dividing the data set into smaller regions based on specific conditions, which allows for
effective classification or regression of product parameters. In research estimating forest
carbon stock (CS), decision tree-based ensemble models showed equally high performance
when trained on the main dataset. The Bagged Decision Trees (BaggedDT) and Gradient
Boosted Decision Trees (GBDT) algorithms achieved R? values of 0.90 and 0.93, respec-
tively [12]. In the current studies, the hyperparameter grid again included, as in Random
Forest, parameters such as max_depth, min_samples_split, and min_samples_leaf (Table 3).
The ccp_alpha parameter was also used, supporting the tree’s regularization process. This
helped simplify its structure and increase its generalization ability. Optimized DT mod-
els are ideal for industrial applications because they allow for the direct translation of
mathematical rules into technological instructions.

AdaBoost (Adaptive Boosting) is a traditional ensemble learning method that gener-
ates a strong predictive model by sequentially integrating multiple weak estimators, most
often in the form of simple decision trees. An important mechanism of the algorithm is the
dynamic updating of weights, which involves assigning greater importance to observations
that were misclassified in previous stages, forcing subsequent models to correct these
errors [58,59].

Bagging (Bootstrap Aggregating) is a machine learning ensemble technique that
involves simultaneously generating multiple independent copies of the same classifier
trained on different subsets of data. The main aim of this algorithm is to reduce the model’s
variance, which effectively minimizes the risk of overfitting and allows for better handling
of informational noise in the training set [58].

2.5. The Optimization and Validation Process

In order to optimize each of the listed models (except for the Voting Regressor), hyper-
parameter grids (param_grid) were defined. The process of selecting optimal parameters
was carried out using the GridSearch method, which systematically searches through
defined parameter combinations to find those that minimize the model error [59]. For the
purpose of ensuring high generalization ability, 5-fold cross-validation was also applied,
which minimized the risk of overfitting through rotational data splitting [60,61]. Negative
mean squared error (neg MSE) was used as the evaluation metric, enabling a precise
comparison of model quality across different hyperparameter combinations. Integrating
the process into a processing pipeline eliminated the risk of data leakage, ensuring that
feature transformations are estimated exclusively on the training subsets of each fold. This
approach ensured a reliable and objective evaluation of the algorithms’ performance on
unseen data. Finally, the models were trained on the available research data, which allowed
for the highest prediction accuracy of total carbon balance (expressed as gross CO,e) for
the studied stands.
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2.6. Evaluation Criteria

As part of the assessment of the quality of regression models, the coefficient of deter-
mination (R?) was used to account for the degree of variability of the dependent variable,
the total carbon balance (expressed as gross CO,e) [62,63]. This indicator typically ranges
from 0 to 1, with a value close to 1 indicating a very good fit of the model’s predictions to
the actual results. This metric allows for direct comparison of model results across different
datasets with varying scales of values without the need for additional transformations [62].
However, caution should be exercised to avoid overfitting, as the raw R? value always
increases with the addition of new variables. Literature emphasizes that R? increases with
the addition of new variables, which can lead to overfitting the model [64]. This issue is
often mitigated through validation procedures, particularly cross-validation or evaluation
on an independent test set. In this study, various feature selection methods, optimization
techniques, and cross-validation were employed to address this.

Mean Squared Error (MSE) is a measure used in regression models, defined as the
arithmetic mean of the squares of the differences between actual and predicted values.
This measure heavily penalizes large deviations, making it very sensitive to outliers. In
machine learning, MSE is commonly used as a loss function because its differentiability
facilitates the mathematical optimization of model parameters during training. To obtain
a more understandable measure of error, its square root is often taken, which is called
RMSE [65,66].

Mean Absolute Error (MAE) is a regression measure calculated as the arithmetic
mean of the absolute differences between the actual values and the model’s predictions.
Unlike MSE, this measure treats errors in a linear manner, making it much more resistant
to the negative impact of outliers in the dataset. The main advantage of MAE is its easy
interpretability, as it expresses the magnitude of the error in the same physical units as the
predicted target variable. By applying the absolute value, this metric effectively prevents
positive and negative errors from cancelling each other out, providing reliable information
about the actual average deviation. In research, low MAE values indicate very high
precision and satisfactory fitting of neural networks to experimental data [56].

2.7. Explainability of Variables Using SHAP

The SHAP (SHapley Additive exPlanations) tool is an advanced explainable artifi-
cial intelligence (XAI) tool that enables precise interpretation and understanding of how
complex mathematical models make decisions. This technology provides consistent expla-
nations at both the global and local levels, indicating which specific input variables had
the greatest impact on the obtained gross carbon footprint per unit area [59,67-69]. In the
present study, SHAP analysis was used for the interpretation of the final predictive models
in order to identify the relative contribution of individual predictors to the estimated gross
COgye values and to complement the purely accuracy-based comparison of algorithms.

2.8. Software

Numerical experiments were conducted on a Linux system based on the x86_64 ar-
chitecture, which allowed for effective memory management and efficient execution of
complex matrix operations. The calculations were performed using a stable version of the
Python 3.12.13 interpreter. The entire environment was run on the Google Colaboratory
cloud platform, providing access to hardware accelerators (GPU/TPU). Statistical analysis
along with modelling was carried out in the Google cloud environment using the Python
programming language, employing libraries such as Pandas, Numpy, Scikit-learn, xgboost,
catboost, shap, matplotlib, seaborn, os, gc, conducting statistical tests, regressions, and
machine learning algorithms. Canva’s Al features (Canva Pty Ltd., Sydney, Australia)

https://doi.org/10.3390/sul8126366


https://doi.org/10.3390/su18126366

Sustainability 2026, 18, 6366

19 of 34

were used for the preparation of graphical materials such as Figure 1. Grammarly (Gram-
marly Inc., San Francisco, CA, USA) was additionally utilized solely for language and
grammar editing.

3. Results and Discussion
3.1. Model Evaluation Metrics

In the context of the research on estimating a predictive model for the total carbon bal-
ance (expressed as gross COye), the analysis of performance indicators collected in the table
allowed for an adequate assessment of the algorithms’ ability to generalize environmental
data contained in the dataset. Table 4 contains 10 machine learning models, which after
reduction of highly correlated variables showed a good fit to the actual equilibrium. In
the first training stage on the test set, 8 out of 10 models had an R? value above 0.99 before
eliminating correlated variables. Ultimately, to prevent overfitting, the algorithms were re-
trained by removing selected variables and changing the data proportions from 80:10:10 to
70:15:15, which resulted in 6 out of 10 models achieving R? > 0.90. It should be noted
that the study used a random split of spatial and temporal forest data. According to the
conclusions of Wadoux et al. [70], such an approach can yield overly optimistic results,
especially with grouped data. This is due to the natural similarity of neighboring plots
and the correlation across subsequent years. For this reason, the high values of the coeftfi-
cient of determination (R? > 0.90) obtained may be overestimated, and caution should be
exercised when interpreting them in the context of predictions for entirely new research
areas or future years. To confirm the reliability of the results in both cases, the Lasso feature
selection method and cross-validation were used to avoid overfitting. The final results of
the second training stage are presented in Table 4. The results below show the final model
configuration after the optimization process. In the current research on the CO,e balance,
the Decision Tree model achieved an R? of 0.8056, making it one of the four models with a
lower R? than the others. Other algorithms, such as Bagging, Random Forest, and Voting
Regressor, achieved results closer to R? = 0.9. The literature clearly indicates that ensemble
models, such as XGBoost and CatBoost, attain the highest accuracy in modelling complex
nonlinear dependencies [51,52,65]. XGBoost demonstrated excellent generalization ability
in assessing tomato quality (R? = 0.98) [71]. Meanwhile, CatBoost achieved an R? of 0.95 for
various colouring systems when modelling wood dyeing recipes [39]. In the current re-
search on estimating the total carbon balance (gross COe), MLPRegressor ranked second,
and XGBoost fourth among the other algorithms. The meta-model from the stacking group,
which combines base models like Random Forest and XGBoost, also achieved a high R?
value, placing third among the models. Looking at individual algorithms, the Catboost
model stands out, achieving the highest R? value of 0.9481.

The study also built a Voting Regressor metamodel as a hybrid model, which inte-
grated the predictions of three independent base estimators: Random Forest, Bagging, and
XGBoost. As a result of the vote (results) aggregation between the models, the metamodel
appeared to be more resistant to specific errors than individual algorithms. Consequently,
an R? value of 0.8923 made this algorithm seventh among a group.

Table 4. Performance metrics for the ultimate, optimized predictive models after the variable
reduction process (test set).

Model R-Squared (R?) MSE MAE RMSE CV(RMSE)
Random Forest 0.892 48,047.770  126.606 219.198 29.767
Decision Tree 0.806 86,737.838  184.000 294.513 39.994
AdaBoost 0.912 39,114.962  116.812 197.775 26.857
Bagging 0.880 53,480.906  123.644 231.259 31.405
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Table 4. Cont.
Model R-Squared (R?) MSE MAE RMSE CV(RMSE)
XGboost 0.933 29,985.796  100.751 173.164 23.515
MLPRegressor 0.940 26,721.980 104901 163.469 22.199
Gradient Boosting 0.936 28,713.472 96.430 169.451 23.011
Voting Regressor 0.894 47,486.900  114.352 217.915 29.592
CatBoost 0.948 23,177.672 91.913 152.242 20.674
Stacking Regressor 0.934 29,462.084  105.886 171.645 23.309

In the comparative analysis, the results from Table 4 were examined based on the
Root Mean Squared Error (RMSE) indicator, which is the square root of MSE. Similar
to MSE, a lower RMSE value indicated a better model fit. To illustrate the relationship
between the prediction quality indicators, a heatmap of these indicators was used, where
the colours for RMSE reflected the same trends as for MSE. Analyzing the observed results
on the test set, it can be seen that the lowest RMSE value was achieved by the Catboost
model. Similarly, models with the smallest predictive errors on unseen test data included
MLPRegressor, XGBoost, Gradient Boosting and Stacking Regressor, demonstrating better
model fit. AdaBoost, Bagging, and Voting Regressor also achieved acceptable MSE and
RMSE values, with RMSE ranging from 197.775 to 231.260. It is explained that a low RMSE
value combined with a high coefficient of determination (R?) indicates an exceptionally
high effectiveness of the model fit to the data in this set. In the heatmap (Figure 2a—c),
Decision Tree, Random Forest, and the Bagging algorithms were highlighted in darker
colours, which correspond to their poorer model performance as measured by the MSE
metric (Figure 2a). Furthermore, when analyzing the validation set (Figure 2b), it can be
observed that Voting Regressor and AdaBoost also fall into this lower-performance group.
It is worth noting that an analysis of the training set shows that four models perform worse,
as directly reflected by the darker colours on the heat map using the MSE metric (Figure 2c).
The heatmap visually clarified that 4 out of 10 models with the highest R? coefficient are
noticeably lighter in the MSE and RMSE columns for the test set, indicating their better
performance (Figure 2). Their lower MSE and RMSE values suggest that their predictions
are closer to the actual values, and the models themselves generalize better to unseen data.
Decision Tree, Random Forest and Bagging stand out with darker colours, which correlates
with their poorer model performance results.

In order to facilitate the interpretation and comparison of results, the coefficient of
variation in the CV(RMSE) was also calculated for the models on the test set [72-76]. The
literature increasingly highlights that an excessive focus on a model’s ideal accuracy (e.g.,
R? > 0.99), without considering its actual reliability, leads to models that perform well on
training data but fail completely in real-world conditions due to overfitting [77]. Models
exhibiting an unnaturally perfect fit with R? > 0.99 were rejected after the first training
stage, as such high accuracy measures often do not translate into reliability and are merely
the result of the algorithm'’s overfitting to the training sample. In the second training stage,
after reducing highly correlated variables, a stable CatBoost model with a cross-validation
error (RMSE) of approximately 20% was accepted, reflecting the natural variability of the
studied parameters in a safer and more reliable manner. The Catboost model, achieved a
CV(RMSE) value of 20.67% (Table 4). This meant that the prediction error was on average
only about 20.5% relative to the mean value of the dependent variable (Table 4).
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Figure 2. (a) Heatmap of performance metrics across different machine learning models (test set).
(b) Heatmap of performance metrics across different machine learning models (validation set).
(c) Heatmap of performance metrics across different machine learning models (training set).
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Actual vs Predicted - Random Forest

3.2. Actual and Predicted Values

The presented chart determines the coefficient of determination (R?), which indicates
how well the model reflects reality by specifying the percentage of variance in the measured
values (Actual) explained by the model’s predictions (Predicted). The quality of the predic-
tion is assessed against the ideal line (red dotted line), on which all points would lie in the
case of completely error-free forecasting. The scatter of points around this axis illustrates
the magnitude and nature of the error (blue points). Symmetry of the distribution suggests
its randomness, while systematic deviations indicate bias in the model.

A comparative analysis of actual and predicted values allowed for a visual assessment
of the models” accuracy by observing the degree of concentration of training cases relative
to the line of perfect fit (Figure 3a—j). This phenomenon is confirmed in the literature, where,
for example, the CatBoost algorithm used for predicting rice and corn yields showed that
data points closely follow the theoretical regression line, resulting in high R? coefficients of
around 0.90 [78]. In the current study, CatBoost achieved the highest predictive performance
among all the methods tested, outperforming the other models in both accuracy and
generalization (Figure 3g). Conversely, the weakest performance in terms of convergence
with the fit line was observed for the Decision Tree model (Figure 3h), which is reflected in
the highest coefficient of variation CV(RMSE) at 39.99%, as well as R? (Table 4). This result
indicates that the prediction error of this algorithm is over 19% larger relative to the mean
value of the studied decision variable than in other models. The poor fit of the decision
tree model may suggest its lower stability or tendency to oversimplify the data structure
compared to advanced neural networks or hybrid models. The figure shows a lack of point
clustering around the perfect fit line for the Decision Tree. Significant deviations from
the fit line are visible, which in practice could lead to incorrect estimates of the carbon
(COze) balance and reduce the reliability of this model. It is worth noting that the clear
superiority of the CatBoost algorithm over a single Decision Tree (Figure 3h) confirmed
that in tasks with high non-linearity, models based on the architecture of symmetric trees
and the technique of ordered boosting provide higher accuracy and better generalization
of patterns from the data [50]. It was observed that on the actual versus predicted value
chart, where the CatBoost model’s points are closest to the line of perfect fit (Figure 3g).
This indicates less predictive noise and fewer extreme errors, known as outliers [50,79].
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Actual vs Predicted - Voting Regressor
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Figure 3. Scatter plots illustrating the correlation between actual and predicted values for the
analyzed machine learning algorithms (a—j). The dashed line represents the perfect fit (1:1). The
individual plots correspond to the models: (a) Random Forest, (b) Stacking Regressor, (c) Voting
Regressor, (d) XGBoost, (e) AdaBoost, (f) Bagging, (g) CatBoost, (h) Decision Tree, (i) Gradient
Boosting, (j) MLPRegressor.

3.3. Ovetfitting Diagnostics

As part of the analysis, differences in the R? coefficient between the training, vali-
dation, and test datasets were examined. A reference value was established to reflect an
ideal scenario without overfitting. In the context of the discussed problem, most models
showed a decrease in the R? coefficient when transitioning from the training dataset to the
validation/test dataset. This may indicate that the model attempted to fit the training data.
An important aspect of this process was ensuring that the decline was not so drastic as to
potentially lead to overfitting. On the chart indicating overfitting between the training and
test sets, it can be observed that the decision tree exhibits the greatest difference compared
to other models. The literature notes that decision trees can overfit much faster, but to
mitigate this phenomenon, hyperparameters such as max_depth and min_samples_leaf
were used [79]. The difference between validation and test datasets suggests that the
decision tree model tends to overfit more than other models (Figure 4). The models were
designed and trained using cross-validation and hyperparameter optimization aimed at
reducing overfitting. Most of them show a reasonable difference between training and
testing results, and validation results closely reflected test outcomes. It appears that only
the mentioned decision tree exhibits the greatest overfitting. The overfitting chart helps to
understand how reliable the gross CO, emission predictions are and whether the models
have learned by memorization.

3.4. Learning Curve

The description discusses the learning curve, which tracks the model’s performance as
the number of training samples grows during training (Figure 5a—j). The X-axis represents
the number of training data samples, while the Y-axis shows the average RMSE (root mean
square error), determined through 5-fold cross-validation. The number of samples in this
research problem describes the size of the training (learning) set. In the study, it directly
corresponds to the records included in the cleaned, secondary data set (df_cleaned). A
slight increase or stabilization of the red training error curve suggested that the models
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are no longer merely memorizing the data but are beginning to focus on patterns, which

is important for reducing overfitting. A systematic decrease in the green validation curve

indicated that, with the influx of new information from the dataset, the algorithm was

increasingly better at predicting unseen data. The convergence of both lines with minimal

difference between them confirms the achievement of high generalization ability and

stability of the developed machine learning algorithm. The CatBoost and XGBoost models

achieved ideal stabilization of the training error (Figure 5d,g). The other learning algorithms

also aimed to stabilize the training error. Additionally, each of the planned models aimed to

reduce the validation curve. The results also confirm, based on the previously mentioned

quality metrics of the model, that Decision Tree had the largest difference (Figure 5h),

while MLPRegressor had the smallest difference (Figure 5j), with both lines approaching

each other.
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Figure 4. Assessment of the generalization ability and risk analysis of overfitting in the studied
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indicates minimal overfitting and high stability of predictions on unseen data.
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Figure 5. Learning curves for analyzed machine learning algorithms. The individual plots corre-
spond to the models: (a) Random Forest, (b) Stacking Regressor, (c) Voting Regressor, (d) XGBoost,
(e) AdaBoost, (f) Bagging, (g) CatBoost, (h) Decision Tree, (i) Gradient Boosting, (j) MLPRegressor.
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3.5. Explainability of Variables by SHAP

The final stage of the analysis was dedicated to interpreting the results using ex-
plainable artificial intelligence (XAI) methods, employing the SHAP (SHapley Additive
exPlanations) algorithm. This method allowed for the decomposition of predictions and
precise assessment of the marginal contribution of each independent variable to the final
model output [67-69,80,81].

The analysis conducted for hybrid models enabled a detailed interpretation of the
mechanisms controlling the forecasts of gross CO, balance in relation to environmental
parameters (Figure 6a—t). On one hand, the bar chart (representing the global interpreta-
tion) clearly verifies the absolute hierarchy of the top 10 most important variables, placing
height, age, and number of trees at the top, which serves as the main starting point for
understanding the algorithm’s priorities. On the other hand, the scatter plot (point interpre-
tation) accurately explains the mechanics of these features, demonstrating how dynamically
and in what manner they influence specific predictions. It was shown that the variable
“Height-estimated data [m]” is the most significant factor affecting the carbon balance,
which is reflected in the literature, where SHAP regularly identifies important physical
parameters (such as wave height Hs in hydrological studies or rainfall in agriculture) as
the main drivers of the models. In the case of the MLPRegressor model, the dominant role
was “Age (years)” (Figure 6j). The best Catboost model based its predictions mainly on
the first variable, “Height-estimated data [m]”, whose SHAP values range asymmetrically
from —500 to +1000. The second variable, “Age (years)”, shows a symmetric influence,
ranging from —250 to approximately +700, suggesting that high values of this feature
significantly increase the model’s output more than low values decrease it. The third
variable, ,Number of trees-estimated data [ha]”, although ranked third in importance, is
particularly interesting. Its negative impact reaches —750, indicating that low values of
this feature can most substantially decrease the result. The colour scheme of the chart,
from blue to red, confirmed a clear directional relationship: low values push the prediction
down, high values push it up. The remaining variables in CatBoost have SHAP values
ranging from —100 to +100, indicating their marginal contribution and suggesting they
can be treated as weak signals or noise. In summary, the three aforementioned variables
in CatBoost determine most of the model’s predictive power, with the dominant first and
third variables requiring attention due to their potential negative impact. Models such as
CatBoost, XGBoost, Gradient Boosting, and others focused on estimating tree height, which
was one of the three most important factors in their analyses. Tree age was also a significant
variable across all the rankings, as confirmed by the results, particularly for MLPRegressor.
These results demonstrate high physical and substantive consistency.
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Figure 6. SHAP for the analyzed machine learning algorithms: (a,b) Random Forest, (c,d) Stack-
ing Regressor, (e,f) Voting Regressor, (g,h) XGBoost, (i,j) AdaBoost, (k1) Bagging, (m,n) CatBoost,
(o,p) Decision Tree, (q,r) Gradient Boosting, (s,t) MLPRegressor.

Integrating SHAP analysis with black-box models allowed for the identification of the
most effective set of variables while maintaining record-breaking algorithm accuracy. The
literature emphasizes that this approach not only simplifies the model structure but also is
crucial for building trust in the decisions made by artificial intelligence [79].

The results obtained in this study indicate that the gross CO,e balance in the analyzed
forest stands can be predicted with very high accuracy using machine learning models
based on habitat, stand, and operational data (see Tables 1 and 3; Figure 2). It is particularly
significant that the highest effectiveness was achieved by models capable of capturing
complex nonlinear relationships, primarily CatBoost, MLPRegressor, Gradient Boosting,
XGBoost, and Stacking Regressor. This confirms that, in the examined problem, the relation-
ship structure between input features and gross COye is multivariate and not well described
by simpler single-tree models [11,12]. An equally important result was the consistency
between high prediction accuracy and the models’ generalization ability (Figures 3 and 4).
Analysis of differences between training, validation, and test results, as well as the learning
curve progression, indicates that most models maintained stability on unseen data [18]. The
weakest results obtained for Decision Tree suggest a greater susceptibility of this algorithm
to overfitting and data structure simplification. From a practical perspective, this means
that in applications related to carbon balance assessment, hybrid and nonlinear models are
more useful than algorithms with simpler architectures [12].

Furthermore, the interpretation of SHAP showed that the most important predictor
of gross COze was tree height (Height-estimated data [m]), followed by tree age and
number of trees (Figure 6). This arrangement of results is substantively consistent with
the ecological logic of forest stand functioning, as these features directly reflect biomass
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accumulation potential, resource structure, and growth conditions [3,81]. The obtained
results thus indicate that modelling gross CO,e should not be limited to single carbon pools
but should also consider structural, habitat, and economic parameters [5,7]. In this sense,
the presented approach has value not only for prediction but also for interpretation and
application within forest management and carbon inventory contexts.

From a practical standpoint, the results suggest that the development of predictive
models for gross CO,e should integrate multi-source data, including stand, habitat, envi-
ronmental, operational, and product parameters. Approaches combining inventory data
with algorithms capable of modelling nonlinear relationships, while maintaining good
generalization, scalability, and interpretability, are most valuable [18]. Such models could
serve as the basis for tools supporting scenario assessments, carbon balance estimation, and
forest management planning under circular-economy conditions [8,10]. Their utility could
be further enhanced by incorporating remote sensing data and information on environmen-
tal variability over time [23]. Simultaneously, the results indicate that further development
of these tools should include external validation, greater regional differentiation, and the
integration of remote sensing and dynamic environmental indicators. Such an approach
could increase model robustness to changing conditions and broaden its applicability in
scenario analyses, climate reporting, and evaluating the forest-wood sector’s contribution
to achieving the aim of climate neutrality.

4. Conclusions

This research involved developing and optimizing machine learning models to predict
the gross COye balance in Polish forest stands using habitat, stand, carbon, and operational
data. The approach combined an assessment of predictive performance with an analysis of
generalization ability and an interpretation of variable impacts using SHAP. The results
confirmed the high predictive effectiveness of nonlinear and hybrid models, with the best
results achieved by CatBoost, MLPRegressor, Gradient Boosting, XGBoost and Stacking
Regressor. Among ten tested algorithms, the highest predictive performance was obtained
by the CatBoost model, with an R? of 0.9481 and the lowest prediction error expressed by
RMSE. Six models achieved an R? above 0.90, confirming their usefulness in modelling
complex environmental dependencies. The analysis also showed that key factors influenc-
ing the gross COe were tree height, tree age, number of trees, species composition, and
selected habitat features. The main conclusions are as follows:

e  The gross COye balance can be predicted with high accuracy based on variables
available in forestry practice;

e  The most useful models were those capable of capturing non-linear relationships and
interactions between variables;

e  Simpler single-tree models proved more susceptible to overfitting and less stable on
unseen data;

e  SHAP interpretation confirmed the dominant role of structural features in shaping the
gross COse;

e  Reliable assessment of gross CO,e requires simultaneous consideration of biological,
habitat, operational, and product components;

e  Further development of models should include external validation, greater regional differ-
entiation, and integration of remote sensing data and dynamic environmental indicators.

The proposed approach has both cognitive and practical significance. It demonstrates
that predictive models can support accurate, interpretable, and decision-useful assessments
of forest carbon balances. In this sense, it provides a solid foundation for developing more
advanced tools for forestry and circular economy management. Future research will focus
on incorporating hyperspectral and satellite imaging data to monitor biomass and forest
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health. In the era of digital transformation, unmanned aerial vehicles equipped with sensors
could provide data on canopy structure and vegetation indices, enhancing the predictive
capacity of above-ground biomass models. Additionally, further use of explainable Al
methods is planned to ensure transparency in Al decision-making processes.
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